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Abstract 
The nature of domestic electricity load is highly dependent on the demand of occupants. Domestic energy 
use, especially for electricity, is not only based on residents activities, also related with the type of 
electrical appliances and weather conditions. To manage and optimise electricity generation and the 
effective use of energy storage, it is important to be able to accurately predict electricity demand. This 
paper presents high-resolution real load energy data for three UK dwellings throughout the year. Seasonal 
models have been produced for each dwelling and the use of electrical appliances at certain times are 
analysed to predict the number of active occupants. The possibility of active occupancy at each thirty 
seconds is generated stochastically by Markov-Chain technique and Markov-Chain Monte Carlo method 
is used to predict the active occupant profiles and the related electricity demand dynamically. The 
methodology can be used for any other domestic dwelling type to generate corresponding active occupant 
profile. The predicted electricity profile can be used for effective demand side management. 
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1. Introduction 
 
Distributed electricity generation and demand side management require detailed energy use profiles, 
which are highly in accordance with the activity of occupants, especially for electricity demand. 
Electricity consumptions for different UK households vary from day to day and house to house because 
of diverse occupancy pattern and occupant behaviour which are known as occupant activity profile. How 
people spend their time at home is the key issue when configuring the occupant activity model. For 
particular household, daily realistic occupant active profile requires very large amount data sets which are 
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not ideally possible currently, especially for very short-term resolution, like below 10 minute. However, 
electricity load profile which presents the use of appliances, such as lighting, cooking, washing etc. highly 
depends on the number of occupant and related occupancy pattern [1]. Detailed electricity load provides a 
possible solution to generate synthetic occupancy data in occupant activity modelling. By analysing the 
real load, “active occupant” can be defined as a person who is at home and using electricity appliance, 
and also not asleep, even this person does not have energy-saving behaviour. Thus, identify the number of 
active occupant is the key issue when conducting occupant activity modelling. Meantime, to generate 
synthetic occupancy data, the possibility of active occupancy at each time is generated stochastically by 
Markov-Chain technique and Markov-Chain Monte Carlo method is used to predict the active occupant 
profiles and the related electricity demand dynamically. 
 
2. Number of active occupancy 
One-day Time-Use Survey (TUS) [2] has been conducted in the United Kingdom in year 2000, which 
involves many thousands of participants to present how people spent their time in 24-hour diaries, also 
including weekday and weekend. By analysing TUS data, Richardson et al. [3] have proved that 
aggregate occupancy profile for large amount households can be predicted stochastically with any single 
weekday and weekend. However, the result cannot reflect the patterns of daily consistency because of its 
individual diaries. In order to address the number of active occupant for consistency profile, it is very 
important to analysis the real load data, which can present the type of appliance and occupant energy 
behaviour.  
 
2.1 Appliances component  
The most common electrical appliance in UK domestic household has been analyzed in this paper, which 
can be divided into two domains: Occupancy related and non-occupancy related. The former one contains 
the appliances which may be switched-on if there is an active occupant, which including standby 
appliance, most kitchen and house clean appliance, also with lighting. The later one contains the 
continuous and cycle appliance, these electrical appliance is always switched-on regardless the occupant 
is active or not. It should be noticed that the appliance with standby model may be changed to continuous 
category because of the occupant energy behaviour. It is clear that if there is non-active occupant at 
certain time, the real load should be less than the total of non-occupancy related and standby appliances 
consumption, which can be identified by occupant patterns. 
 
2.2 Occupancy pattern 
 
There are some most common scenarios of household occupancy pattern in the UK, which are as follows: 
(a) unoccupied period is from 09.00 to 13.00, the occupants have the part-time job during morning; (b) 
unoccupied period is from 13.00 to 18.00, the occupants have the part-time job during afternoon; (c) 
unoccupied period is from 09.00 to 17.00, the occupants have the full-time job; (d) The house is occupied 
all the time; the family of this type of household may have infant to look after or is of retired couples and 
single or weekend. Therefore, by analysing the occupancy pattern, we can identify the load of non-active 
occupant. For example, as the first scenario the dwelling is unoccupied during morning in weekdays, 
which means the average load during these times can represent the non-active occupant load, also at 
sleeping hours, in this report, this load is in the range of 0.08kW to 0.4kW for each household. 
 
2.3 Average Electricity Consumption of Occupant (AECO) 
 
When people are active in the house, they may use the electrical appliances or share with other occupants, 
and also related consumption will beyond the non-active occupant load, which mean there is at least one 
person is active. Electricity consumption is also highly related to household size. The data in this paper is 
used the measured real load with thirty-second resolution of three UK households in [4], which the 
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maximum occupancy is two people. To represent the synthetic active occupant data, we define the 
Average Electricity Consumption of Occupant (AECO) as “the average of electrical appliance load in 
certain time by each occupant” to represent the number of active occupant. Conjunction of switched-on 
appliance at one time is considered, we analyse the appliance with load over 100 W and calculate the 
different conjunctions during certain time, for example, morning from 06.00 to 09.00. People always do 
some cooking activities and then go for work, and they may not have enough time for cleaning activity. 
Therefore, the non-occupancy related load is from 50 W (Continuous appliance) to 350 W (Continuous+ 
standby + fridge). So if the load is above 400 W, we say that there must be at least one occupant is active, 
so the AECO for one active occupant is from 400 W. Considered with the conjunction of appliance use 
and related mean cycle length (time interval we choose is thirty seconds), we assume that the maximum 
switched on appliances in the morning (for cooking breakfast) with one active occupant are two. So the 
minimum of three appliance conjunction is 1.75kW (including 400 W), maximum is 4.15kW, average is 
2.95kW. Therefore, we simply set the boundary load of AECO for two active occupants are 3kW. 
Therefore, all of real load for each household are transferred to a table of number of active occupants. 
 
2.4 Data set 
 
The active occupant profile of each household is in resolution throughout the day and four typical days in 
four seasons have been picked. 
 
3. Modeling 
 
In order to generate stochastic occupancy for each household, Markov-Chain technique [5] is used to 
build up “transition probability matrices”, which contains 2880 integer numbers known as “states”. “Each 
state is dependent only on the previous state together with the probabilities of the state changing [3].” The 
initial state is chosen at 00.00.00, and next state is 00.00.30, then following matrices until 23.59.30.  
 
For example, if persons are asleep at 00:00:00, and will still be asleep at 00:00:30 from history record. 
The matrices are slightly changed from house to house and day to day. Therefore, the variations of 
occupancy activity can be captured. Each household has its dependent matrix, which can present its 
individual occupant pattern.  In this paper, both of UK households are two adults, thus each matrix has 3-
by-3 scale. In order to generate the synthetic occupancy data, Markov-Chain Monte Carlo technique [6] is 
employed, which choose a random number from 0 to 1 at each step, and compare with the current time 
state possibility, to determine which next state will be chosen. The subsequent states in calculation are 
chosen step by step, and the transition possibility for each thirty seconds is calculated by the number of 
occurrence days in history records. The model is implementation by Excel with Visual Basic, and an 
example simulation result is shown in Fig 3.1. 
 
Fig. 3.1 An example of simulation result for a two resident household, weekday, Autumn 
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4. Verification and utilization 
 
The model for each household is changed dynamically by adding new calendar day record, and the 
simulation output for three houses are independent, and both of them contains weekday and weekend 
model, also with four seasons. In order to verify the accuracy of model, it has been simulated and 
aggregated in1000 days for each season of every household and compare with history average record.  
 
The simulation result is mapped very well with the history record for both households in four seasons. 
With the output of simulation, the AECO is used to replace electricity consumption and compare with the 
history consumption, an example result is shown in Fig.4.1. 
 
 
 
Fig. 4.1 Comparison of simulation average and history average (two resident household, weekday, and spring) 
 
5. Conclusions 
This paper presents a high-resolution solution to predict electricity demand dynamically. The results have 
shown the occupancy activities are predictable during certain time period in particular household, which 
can be concluded as occupant daily behaviour.  The result of occupant pattern can also be extended into 
other research, such as heat demand simulation, which is also the key issue in those applications. 
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